Landslides constitute a hazard to life and infrastructure, and their risk is mitigated primarily by 11 reducing exposure. This requires information on landslide hazard at a scale that can enable informed 12 decisions about how to respond to that hazard. Such information is often unavailable to, or not easily 13 interpreted by, those who might need it most (e.g., householders, local government, and NGOs). To 14 address this shortcoming, we develop simple rules to identify landslide hazard that are 15 understandable, communicable, and memorable, and that require no prior knowledge, skills, or 16 equipment to evaluate. We examine rules based on two common metrics of landslide hazard, local 17 slope and upslope contributing area as a proxy for hillslope location, and we introduce and test two 18 new metrics: the maximum angle to the skyline and the hazard area, defined as the upslope area 19 with slope >39˚ that reaches a location without passing over a slope of <10˚. We then test the skill 20 with which each metric can identify landslide hazard -the probability of being hit by a landslide -21 using inventories of landslides triggered by six recent earthquakes. We find that the maximum skyline 22 angle and hazard area provide the most skilful predictions, and these results form the basis for two 23 simple rules: 'minimize your maximum angle to the skyline' and 'avoid steep (>10˚) channels with 24 many steep (>39˚) areas that are upslope'. Because local slope alone is a skilful predictor of landslide 25 hazard, we can formulate a third rule as 'minimise local slope, especially on steep slopes and even 26 at the expense of increasing upslope contributing area, but not at the expense of increasing skyline 27 angle or hazard area'. Upslope contributing area, by contrast, has a weaker and more complex 28 relationship to hazard than the other predictors. Our simple rules complement, but do not replace, 29
established, this is to our knowledge the first attempt to extract a more general set of rules from the 117 combined datasets. 118
This paper is necessarily technical, addressing the question of whether it is possible to formulate 119 such rules, identifying which rules work best and assessing their performance. We therefore expect 120 the paper's primary audience to be technical experts with an interest in landslide risk reduction. We 121 have begun to explore ways of expressing these rules in a format that is more accessible to a general 122 audience (e.g. Milledge et al., 2018) . is dominated by temperate broadleaf and coniferous forests up to 3000 m with alpine tundra above 311 the tree line (Singh and Singh, 1987) . 
Conditional probability 323
Landslide hazard can be defined as the probability of being hit by a landslide in a given location 324 and within a given time window (Lee and Jones, 2004 ). Here we make no distinction between 325 consequences of being hit by landslides of different sizes or velocities, assuming that all are 326 equally dangerous. This probability can be expressed mathematically as P(L|x,y,t), where L is the 327 outcome of being hit by a landslide, x,y are the coordinates for a particular location and t is the time 328 window of interest. We do not address the timing of landsliding, assuming that this is driven by the 329 timing of an earthquake and is thus unpredictable (Geller, 1997). Instead we focus on landslide 330 susceptibility given an earthquake that produces shaking of unknown intensity at a location (x,y), 331 hence the notation P(L|x,y). We assume that the hazard at that location can be approximated by 332 some location-specific characteristic (a). Thus, the landslide hazard at (x,y) is the conditional 333 probability of being touched by a landslide given the value of the characteristic at that location, 334 P(L|a), and can be calculated using Bayes Theorem: 335
where a is a specific characteristic of the location (e.g., the topographic slope). If we assume that 339 the relationships between past landslides and local characteristics are good predictors of their future 340 relationships then we can construct empirical conditional probability calculations from landslide 341 inventories. If we grid the topography, then the Bayes equation can be easily rewritten in terms of 342 Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. and the study area is defined by the smallest convex hull that contains all of the observed landslides. 350
To account for variability in the magnitude of shaking between the six study areas, we normalise the 351 conditional probability of being hit by a landslide P(La) by the study area average probability of 352 landsliding P(L) to generate a relative hazard. This can be shown to be directly equivalent to the 353 
364
We display the normalised conditional probability on a logarithmic scale for readability, resulting in a 365 probability metric that is strongly similar to the 'information value' metric used in some landslide 366 susceptibility analyses (e.g., Yin and Yan, 1988) . 367 Conditional probability analysis is advantageous for its direct link to hazard and does not require us 368 to impose a functional form to the data. However, the results are partly dependent on bin size and 369 Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. Discussion started: 13 November 2018 c Author(s) 2018. CC BY 4.0 License. location for the predictor variable, and bins with few observations (i.e. N(a)<<N(S)) can result in noisy 370 data that are difficult to interpret. To aid interpretation in the presence of noise, we fit cubic polynomial 371 functions to one-dimensional conditional probability data and a logistic function to two-dimensional 372 data. To highlight the parts of the data where we have few observations and thus where our 373 confidence in the results is lower, in the one-dimensional case we include a single bulk PDF of the 374 predictor variable on the x-axis below the conditional probability curve, and we limit ourselves to 375 calculating probability only where there are more than 10 observations per bin in the two-dimensional 376 case. Whilst other statistical approaches could be used here (e.g. Pradhan, 2013), our intention is 377 not to find the statistical approach that provides the most powerful synthesis of the different variables, 378 but to test the effectiveness of the variables themselves at distinguishing hazard when applied in the 379 form of simple rules. 380 381
Receiver operating characteristic curves 382
Any simple rule for identifying more or less hazardous locations in the landscape will produce a 383 relative measure of landslide probability. To evaluate this measure against a binary landslide map 384 or inventory (where every cell is classified as landslide or non-landslide), it must be converted into a 385 binary classification. A common approach to this problem is to construct a receiver operating 386 characteristic (ROC) curve (e.g., Frattini et al., 2010) . This curve quantifies both the benefit of a 387
given classification in terms of successfully classified outcomes (landslide and non-landslide 388 locations correctly identified, true positives and true negatives respectively) and also the cost (non-389 landslides identified as landslides, false positives; and vice versa, false negatives). The ROC curve 390 is constructed by thresholding a continuous variable (e.g., slope) and calculating the true positive 391 rate as the number of true positives normalised by all positive observations, and the false positive 392 rate as the number of false positives normalised by all negative observations. Evaluation of these 393 rates at different threshold values results in a curve, where the 1:1 line reflects the naïve (i.e. random) 394
case. The area under the curve (AUC) tends to 1 as the skill of the classifier improves towards 395 perfect classification and to 0.5 as the classifier worsens towards the naïve (random) case. We 396 calculate ROC curves for all of our chosen predictive approaches for each inventory. 397 398 Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. Discussion started: 13 November 2018 c Author(s) 2018. CC BY 4.0 License.
Topographic analysis 399
All of the metrics tested here are defined using topographic data in the form of digital elevation 400 models (DEMs). We use 30 m resolution DEM data at all sites: for Northridge they are derived from 401 the down-sampled 10 m NED elevation data (https://lta. 
Skyline angle analysis 413
To capture the effect of both initiation and runout we define the skyline angle as the maximum angle 414 from horizontal to the skyline for a given location. This is easily estimated by eye in the field and can 415 be interpreted as the maximum (or worst-case) reach angle for that location. It is a runout-dominated 416 metric in that it does not take into account the probability of initiation. 417
For each cell in a study area we estimate the skyline angle by calculating vertical angles between 418 the target cell and every other cell within a 4.5 km radius. This radius is chosen to exceed the 419 dominant channel spacing for the study area with widest spacing (Wenchuan) and thus to fully 420 
Runout routing analysis 442
To assess the importance of non-local runout paths on landslide probability, we follow the approach area Ah as the upslope area weighted by the joint probability of landslide initiation and runout. 455
Locations with higher Ah should have higher exposure to coseismic landslide hazard than those with 456 low (or no) Ah. Formulation of the model requires: (1) determination of the mobilisation probability at 457 each cell i in the study area (Pmi); (2) determination of the connection probability for mobilised 458 material from each cell i to the target cell j (Pcij); (3) convolution of (1) and (2) to get the locational 459 hazard (Pmcij); and (4) accumulation of the locational hazard to determine a hazard area above each 460 target cell j (Ahj). 461
In order to generate a simple rule, our model assumes that landslide initiation and deposition are 462 entirely dependent on the local slope of the ground surface  (i.e. landslides are more likely to initiate 463 on steeper slopes and deposit on flatter slopes). For landslide initiation, we assume that slopes 464 above a threshold slope θm are all equally capable of initiating a landslide with probability Pmi: 465
where θi is the observed local slope in a downslope direction at cell i and θm is the critical slope 469 required for landslide initiation. 470
In order to represent a landslide hazard, mobilised material must be able to runout from the initiation 471 point to the target cell j. This relationship is binary: either these points are connected by a viable 472 Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. Discussion started: 13 November 2018 c Author(s) 2018. CC BY 4.0 License. runout path or they are not. We assume that the flow path will follow the path of steepest descent. 473
This path must enable continued runout for its entire length; if at any point on the flow path the 474 material is fully deposited, then that initiation zone will be disconnected from cell j. Thus, the point 475 along a given flow path that is most likely to cause deposition becomes the controlling location for 476 the connection of all upslope points. Surface slope has been used to describe the probability that 477 landslide material entering a cell will be deposited rather than continuing into the next downslope 478 cell (e.g., Benda and Cundy, 1990; Fannin and Wise, 2001 ). For landslide deposition, we apply the 479 simplest possible stopping condition, and assume that landslide run-out ceases on slopes gentler 480 than a critical angle (θs). The probability that a landslide initiated at point i reaches point j (Pcij) can 481 thus be expressed as: 482
where θminij is the minimum slope for the flow path from cell i to cell j, and θs is the critical slope 486 required for stopping. 487
We combine the initiation and runout probabilities to calculate the locational hazard Pmcij as the area 488 (ai) in cell i weighted by the probability that a landslide is both mobilised in cell i and is connected to 489 where lj is the unit contour length at j, calculated as aj 0.5 . Equation 8 is evaluated for every cell in the 500 study area to generate a spatial grid of hazard area Ah (Figure 2 ). Our choice of step functions for 501 the mobilisation (Pm) and connection (Pc) probabilities allows us to interpret Ah as the upslope area 502 per unit contour width with local slope steeper than θm from which a landslide will reach the cell of 503 interest by moving downslope along a path that is always steeper than θs. Alternative formulations 504 could be used for Pm and Pc but these would result in a less intuitive index that would be difficult to 505 implement as a simple rule. 506
507
There is implicit resolution dependence to the stopping condition s since it assumes that the low 508 gradient area is long enough (in terms of flow path length) that the landslide will stop. Similarly, there 509 is resolution dependence to the initiating condition m as topographic surfaces will be more or less The model has two parameters (θm and θs), both of which are effective rather than measurable. We 518 first optimise the model for each inventory to establish its performance under the best possible 519 scenario, where the model is fitted to the data. We then test the model using the average of the 520 optimised parameters from the six inventories to represent a more realistic application where these 521 parameters must be estimated from previous events. Thus, the values of m and s should not be 522 interpreted as mechanistic thresholds, but rather as the result of an optimization that also depends 523 on the DEM resolution. 524
Nat 
Results 534
6.1.
Local slope 535
For all inventories, landslide probability increases as an approximately exponential function of local 536 slope (Figure 3a) . For four of the six inventories, conditional probability exceeds the study area 537 average probability for slopes steeper than 30-35˚, with Northridge and Haiti lower at 20˚ and 25˚. 538
This suggests that slopes <30˚ are generally safer than average, while those >45˚ have a landslide 539 probability >200% of the average, and those >50˚ are generally >300% of the average. The curves 540
for Finisterre, Chi-Chi and Gorkha largely collapse on each other when normalised by study-area 541 average probability (Figure 3a) . However, landslide hazard is less sensitive to slope for Wenchuan 542 and more sensitive for Northridge and Haiti. This variability between inventories likely reflects specific 543 study area properties such as the more dissected topography within the Northridge and Haiti study 544 areas. Comparing the amalgamated PDF of study area slopes (Figure 3a) with the conditional 545 probability curves indicates that the majority of the landslide hazard burden is held by the minority of 546 each study area (slopes >35˚). This implies that 1) many of the modest (<15˚) slopes on which people 547 generally choose to live are exposed to relatively low hazard (less than half the study area average 548 for all but Wenchuan); and 2) any choice to spend time or build infrastructure on steeper slopes 549 should recognise the considerable associated increase in exposure to coseismic landslide hazard. 550 551
Upslope contributing area 552
For all inventories, landslide probability increases from below the study area average at the lowest 553 upslope contributing areas -that is, ridge tops -to a peak or plateau at intermediate upslope 554
contributing areas, from which it declines in four of the six inventories (Figure 3b) . Locations with the 555 lowest upslope contributing area also have the lowest landslide probability for four of the six 556 inventories, with Northridge and Finisterre as exceptions. For Northridge, the zone of lower than 557 average landslide probability extends only to upslope contributing areas ~40 m probability of 1, equivalent to the study area average; thus, points above the solid black line have 574 conditional probability greater than the study area average. Legend includes study area average 575 landslide probabilities for each inventory (in brackets). 576 577
Local slope and upslope contributing area combined 578
When slope and upslope contributing area are examined in combination, the highest landslide 579 probability is consistently found at the highest upslope contributing area for a given slope or the 580 highest slope for a given upslope contributing area (Figure 4) . The lowest probabilities are found at 581 locations with both low slope and upslope contributing area, and cells with very low slopes have low 582
Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. Discussion started: 13 November 2018 c Author(s) 2018. CC BY 4.0 License. landslide probability almost independently of upslope contributing area. Importantly, landslide 583 probability increases more steeply with increasing slope than with increasing upslope contributing 584 area, indicating the dominance of local slope in setting landslide probability. This dominance is also 585 reflected in the orientation of the probability contours derived from logistic regression. There is 586 variability in contour orientations between inventories, with Finisterre and Northridge showing the 587 strongest slope dependence and Wenchuan showing the strongest upslope contributing area 588 dependence (Figure 4) . 589
590
The shape of the two-dimensional probability surface determines the best course of action in terms 591 of choosing alternative locations for a particular asset or activity, but such action is also constrained 592 by what is possible. The average slope for each upslope contributing area (dashed line in Figure 4 ) 593 indicates that for Northridge, Finisterre, Chichi and Haiti there are rarely situations where a reduction 594 in upslope contributing area will not involve (on average) an increase in slope, that will actually 595 increase landslide probability. However, for locations in Wenchuan and Gorkha with upslope 596 contributing area of 300 to 10,000 m 2 /m, the probability reduction due to reducing upslope 597 contributing area is not offset by the associated increase in slope. This suggests that, for the former 598 inventories, it is always beneficial to decrease slope even at the expense of upslope contributing 599 area, while for the latter it is more dependent on initial location. In general, the average slope contour 600 appears to separate higher and lower than average landslide probability in slope-upslope 601 contributing area space, suggesting that higher than average landslide probability is always found 602 on higher than average slopes for a given upslope contributing area. shown on a logarithmic axis, so that maintaining a constant landslide probability for a given increase 612 in slope requires a larger reduction in upslope contributing area at low slopes than at high slopes. 613 614 Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. Discussion started: 13 November 2018 c Author(s) 2018. CC BY 4.0 License.
Skyline angle 615
Landslide probability increases as an approximately exponential function of maximum skyline angle 616 (Figure 5a) as it does for local slope (Figure 3a) . Landslide probability exceeds the study area 617 average probability at skyline angles of 27-28˚ for Northridge and Haiti, 34˚ for Wenchuan and 38-618 40˚ for Finisterre, Chi-Chi and Gorkha. Locations with skyline angles of <20˚ have less than half the 619 study area average landslide probability for all inventories, while those with skyline angles of >50˚ 620 have more than double the study area average probability (Figure 5a ). The lowest landslide 621 probability values, at skyline angles of less than 10˚, are lower than those for local slope or upslope 622 contributing area. As with local slope, the curves for several of the inventories (Finisterre, Chi-Chi 623 and Wenchuan) collapse to a similar relationship when normalised by study area average probability 624 suggesting similar behaviour across a range of different landscapes. However, Northrige and Haiti 625
show stronger sensitivity to skyline angle and Gorkha shows considerably reduced landslide 626 probability at low skyline angles relative to the other inventories. 627 628 6.5.
Hazard area 629
The ability of hazard area Ah to distinguish landslide from non-landslide cells is highly sensitive to 630 two tuneable parameters (θm and θs) but follows a smooth optimisation surface with a unique 631 optimum for each inventory ( Figure S1 ). Optimum parameters vary between inventories, with 632 optimum initiation slopes m ranging from 36˚ to 40˚ and stopping slopes s from 6˚ to 31˚ (Table S1 ).
Since these optimum parameters vary between inventories and can only be identified after an 634 earthquake, they are problematic in terms of incorporation into a rule. Instead, we use the global 635 average of the optimised parameter values from the six inventories (m = 39˚ and s 10˚). The The solid black lines show a normalised probability of 1, equivalent to the study area average; thus, 655 points above the solid black line have conditional probability greater than the study area average. 656 657 6.6.
ROC analysis 658
To supplement conditional probability analysis, we examine the performance of slope, upslope 659 contributing area, skyline angle, and hazard area as continuous hazard indices (with high index 660 values reflecting high hazard and vice versa) using ROC curves (Figure 6 ). Successful indices will 661 capture landslide cells within high hazard index zones (true positives) without capturing non-662 general rule independent of any specific inventory. This is fortunate, as site-specific optimisation 699 requires a pre-existing landslide inventory for any individual area and so may not be feasible. In all 700 six inventories, locations with Ah > 60 m 2 /m have landslide probability above the study area average. 701
While landslide probability generally increases with increasing hazard area, the relationship is 702 complex (Figure 6 Minimise your maximum angle to the skyline 715
The maximum skyline angle is the second-best predictor of landslide probability in four of the six 716 cases. Locations with skyline angles less than 30˚ generally have a landslide probability below the 717 study area average. Importantly, landslide probability increases non-linearly with skyline angle, so 718 that a slight reduction to a high skyline angle results in a much larger reduction in landslide probability 719 than it would for a lower skyline angle. 720
The distinction between local slope and skyline angle reflects the importance of runout as well as 721 initiation in defining landslide hazard. Landslide hazard is an inherently non-local problem, defined 722 by both conditions at the point of interest and those upslope of that point. The skyline angle is a 723 simple way to represent this. It has the additional advantage of being easy to measure, needing only 724 a protractor or clinometer for precise measurement in the field, and being easily approximated by 725 eye. Local slope, in contrast, is scale-dependent, while upslope contributing area and Ah are both 726 considerably more difficult to estimate in the field. 727
Nat. Hazards Earth Syst. Sci. Discuss., https://doi.org/10.5194/nhess-2018-271 Manuscript under review for journal Nat. Hazards Earth Syst. Sci. Figure 4 ). The addition of upslope contributing area as a predictor in 748 logistic regression improves landslide probability prediction relative to slope alone (Table 1) , but the 749 orientation of the probability contours (Figure 4) indicates that its influence is weak. Moving to a 750 location with lower slope angle almost always reduces landslide probability independently of the 751 upslope contributing area of the new location, although the specific reduction of landslide probability 752 depends on the shape of the two-dimensional probability surface (Figure 4) . We conclude that 753 decisions on how to reduce landslide hazard most effectively need to be made on a case by case 754 basis, and are best made using hazard area, skyline angle, and the local slope in conjunction with 755 each other. Steep upslope areas result in elevated hazard but gentle upslope areas do not, 756
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Movement rules in a landscape with variable hazard 763
While this analysis is focused on cell-by-cell hazard assessment, and is thus appropriate for 764 decision-making before a large earthquake, it is also possible to use the results to define some rules 765 for movement or relocation during or immediately after an earthquake. Our analysis shows that even 766 during a large earthquake in mountainous terrain, landslide hazard is not ubiquitously high. A 767 significant fraction of the landscape has low landslide probability (<5% of the study area average) -768 as much as 30% in Northridge and 33% in Nepal. This means that it is often possible to find locations 769 with lower landslide hazard. Landslide hazard is extremely granular in spatial terms, so that small 770 changes in location can make a big difference to exposure. The vast majority of locations (75% in 771 Nepal, 95% in Northridge) are within 1 km of areas of low landslide probability (<5% of the study 772 area average). Even smaller movements of 100 m or less, as might be possible during or immediately 773 after a large earthquake, can result in very large reductions in hazard. 774
Detailed analysis in the Northridge (Figure 7 ) and Nepal inventories shows that landslide hazard can 775 often be effectively reduced by moving from a slope to a ridge (e.g., from A to B in Figure 7) , out of 776 a gully (e.g., from C to D), or downstream of a flatter area (e.g., from C to E). However, there is no 777 single answer to the question of where to move to reduce coseismic landslide hazard, since this 778 differs depending on the setting, the distance that can be travelled due to time or location constraints, 779 and on the chosen rule (e.g., skyline angle vs. hazard area). Given a 1 km radius of potential 780 movement, minimizing skyline angle involves moving upslope for ~75% of locations in Nepal but 781 only ~66% in Northridge. In some cases, knowing how far one can travel can be critical: if one may 782 only travel a short distance, moving upslope may be preferable (e.g., from C to D in 
Caveats 801
These rules should be combined with existing guidance, such as local knowledge and formal hazard 802 and risk information when that is available. The rules provide an evidence base that could be used, 803 for example, in infrastructure and land-use planning, identifying evacuation routes, and designing 804 contingency plans from individual to community level, where more detailed or formal technical advice 805 is not available. It is also important to note some caveats. 806
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Similarly, in the case of rainfall-triggered landslides, initiation is likely to depend not only on slope 836
angle but also topographic control on saturation (e.g. Bellugi et al., 2011) . Extending the analysis to 837 other triggering mechanisms is thus a future research need. 838 839
Conclusions 840
We have introduced a set of simple rules that can be used to identify, and thus potentially reduce, 841 exposure to earthquake-triggered landslides. We test a set of candidate predictors for their ability to 842 reproduce mapped landslide distributions from six recent earthquakes. Landslide hazard, defined as 843 the conditional probability of intersecting a landslide in one of the six earthquakes, increases 844 exponentially with local slope. Landslide hazard on hillslopes also increases with upslope 845 contributing area, suggesting that while ridges may be areas of preferential coseismic landslide 846 initiation, they are not the locations of highest coseismic landslide hazard due to downslope 847 movement of landslide material during runout. When accounting for both slope and upslope 848 contributing area, landslide hazard is highest for the highest area at a given slope or the highest 849 slope at a given area. Landslide hazard can be reduced by reducing local slope, even at the cost of 850 increased upslope contributing area, and especially at high slopes. Landslide hazard increases 851 exponentially with the skyline angle, and this simple, easily-measured, metric performs better than 852 slope or upslope contributing area for four of the six inventories. Hazard area, which accounts for 853 both landslide initiation and runout, offers the best predictive skill for all six inventories but is more 854 difficult to estimate in the field and requires estimation of two empirical parameters. Fortunately, 855 hazard area calculated with parameters that are averaged across all six study sites (initiation angle 856 of 39˚ and stopping angle of 10˚) performs only slightly worse than hazard area calculated with 857 optimised site-specific parameters, suggesting that the average parameters can be applied to other 858 inventories. These findings can be distilled into three simple rules: 
